For the family data from Genetic Analysis Workshop 17, we obtained heritability estimates of quantitative traits Q1 and Q4 using the ASSOC program in the S.A.G.E. software package. ASSOC is a family-based method that estimates heritability through the estimation of variance components. The covariate-adjusted mean heritability was 0.650 for Q1 and 0.745 for Q4. For the unrelated individuals data, we estimated the heritability of Q1 as the proportion of total variance that can be accounted for by all single-nucleotide polymorphisms under an additive model. We examined a novel ordinary least-squares method, a naïve restricted maximum-likelihood method, and a calibrated restricted maximum-likelihood method. We applied the different methods to all 200 replicates for Q1. We observed that the ordinary least-squares method yielded many estimates outside the interval [0, 1]. The restricted maximumlikelihood estimates were more stable than the ordinary least-squares estimates. The naïve restricted maximumlikelihood method yielded an average estimate of 0.462 ± 0.1, and the calibrated restricted maximum-likelihood method yielded an average of 0.535 ± 0.121. Our results demonstrate discrepancies in heritability estimates using the family data and the unrelated individuals data.
Background
The heritability of a trait is usually calculated using family data. The identified genetic variants found through genome-wide association studies account for only a small portion of heritability for most complex traits [1] compared with the heritability estimated from family data. This discrepancy in the estimates, the missing heritability, is of great interest because the sources of this difference are still unknown [1] . Recently, Yang et al. [2] , using a novel statistical method, suggested that the missing heritability can be recovered using the genome-wide associations of unrelated samples [2] . Because the Genetic Analysis Workshop 17 (GAW17) data set included family data and unrelated individuals data for the same traits [3] , we estimated the "heritability" of Q1 with the unrelated individuals data and estimated the "heritability" of Q1 and Q4 with the family data.
For the family data, the heritability is the narrow sense heritability, estimated with the polygenetic effect model; we conducted a George-Elston transformation [4] to estimate the heritability. For the unrelated data, the heritability is the proportion of the total variance in a phenotype that can be described by all single-nucleotide polymorphisms (SNPs) under an additive model; we estimated it using the ordinary least-squares (OLS) method suggested by Yang et al. [2] , a naïve restricted maximum-likelihood (REML) method, and a calibrated REML method. In all our analyses, the heritability estimates were obtained after adjustments for age, sex, and smoking status.
Methods

PEDINFO and ASSOC
For the family data, we chose to use quantitative traits Q1 and Q4 of four randomly selected data set replicates (Table 1) . We used the Statistical Analysis for Genetic Epidemiology (S.A.G.E.) software and the PEDINFO and ASSOC programs. The PEDINFO program calculates summary statistics about the family data set. The ASSOC program performs a family-based association test using a polygenic mixed effect model for a quantitative trait, and it estimates the heritability through the estimation of the proportion of a polygenic component to the total trait variance. In our analysis, the heritability estimates were obtained after adjustments for age, sex, and smoking status. The George-Elston transformation was applied for normality of residual distribution [4] . We did not include any genotype variables in the model.
OLS and REML estimates
For the unrelated data, we used the OLS method suggested by Yang et al. [2] and the two REML methods to estimate the heritability of Q1 with all 200 data set replicates. Here, the heritability refers to the proportion of the variance in Q1 that can be accounted for by all SNPs under an additive model [2] . We fitted the mixed effects model:
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2 s e , respectively. Because G is unknown, it is replaced with an estimate. One naïve estimate is A, the genetic relationship of genome-wide SNPs. Yang et al. [2] established an unbiased estimate A* for G by calibrating the prediction error of genetic relationship G of unobserved causal SNPs. Replacing G with A* in the regression, we can estimate the heritability as: 
Because this estimate is based on OLS, it does not need iteration. By replacing G with A and A* in the model given by    y Zu e = + , we can constructed the 1-9 ). In the four randomly selected replicates, the heritability estimates for Q1 ranged from 0.608 to 0.698 with an average of 0.650; the heritability estimates for Q4 ranged from 0.687 to 0.773 with an average of 0.745 (Table 1) .
Heritability estimates using the unrelated individuals data
The unrelated individuals data consist of genotypes of 24,487 SNPs and 200 replicates of 697 individuals for Q1. The OLS estimates of the heritability were apparently unstable (Figure 1 ), because many of them were outside the interval [0, 1]. We computed the mean and standard deviation of all 200 heritability estimates, including those greater than 1 or less than 0. Over the 200 replicates, the average heritability estimate for Q1 was μ = 0.555 with standard deviation s = 0.480 after correcting for age, sex, and smoking status. We found that the REML estimates for Q1 were more stable than estimates obtained using the OLS method ( Figure 2 ). After accounting for age, sex, and smoking status, the 200 naïve REML estimates yielded an average heritability estimate of 0.462 ± 0.999, and the calibrated REML estimates yielded an average heritability estimate of 0.5351 ± 0.1206 for Q1.
We were unable to obtain REML estimates for Q4 because the convergence rate of the REML was extremely slow. We found that the convergence of the REML failed because no SNP contributed any phenotypic variation in the simulated model [3] .
Discussion and conclusions
In our analyses, we estimated heritability using both the family data for Q1 and Q4 and the unrelated individuals data for Q1. The heritability estimates for Q1 and Q4 using the family data appeared stable and reasonable. In the simulation, Q1 has a heritability of 0.575, where 0.135 is due to the 39 causal SNPs and 0.440 is due to a polygenic component, and Q4 has a heritability of 0.70 resulting from a polygenic effect. The mean heritability estimates for Q1 and Q4 with the family data were 0.650 and 0.745, respectively.
The heritability estimates using the unrelated individuals data seem less reasonable. The OLS method did not work well for the GAW17 unrelated individuals data because the method was designed for genome-wide common SNPs. In the GAW17 unrelated individuals data, most of the SNPs are rare variants and a few of them are causal variants. The genetic relationships estimated using many rare variants may be unreliable, and this results in the instability of the OLS estimates. The REML approaches appear to be more stable than the OLS method for Q1. We observed that the heritability estimates using the unrelated individuals data were less than those using the family data on average. For example, the mean of the heritability estimates for Q1 for the unrelated individuals data was 0.462 (by naïve REML), which was 0.188 less than the mean for the family data. One possible reason is that the polygenic component (0.440) in Q1 is not due to any SNPs in the GAW17 sequence data set. We should not be able to uncover the polygenic effect using unrelated samples. However, the mean naïve REML estimate (0.462) is much larger than the heritability because of the causal SNPs (0.135). The reason is that we used all 24,487 SNPs to estimate the relationships among individuals. There might be other sources contributing to the heritability estimates.
Finally, we failed to estimate the heritability for Q4 using the unrelated samples because of the convergence problem, which was the result of no genotyped exonic SNPs in the data contributing to the phenotypic variation. 
